We assessed the influence of 19 microhabitat factors on the distribution and abundance of small mammals at 60 plots across Fort Sill Military Reservation in Comanche County, Oklahoma. Trapping took place each spring from 1989 to 1992. We collected 15 small mammal species and used 10 of these (Chaetodipus hispidus, Cryptotis parva, Microtus ochrogaster, Neotoma floridana, Peromyscus attwateri, P. leucopus, P. maniculatus, Reithrodontomys fulvescens, R. montanus, and Sigmodon hispidus) in our analyses. Microhabitat variables for each mammal species were evaluated as unweighted measures based on the presence or absence of each species at a plot and as weighted measures based on the abundance of each species at each plot. Both weighted and unweighted data were subjected to cluster analysis, principal components analysis, and discriminant-function analysis. General trends of the microhabitat affinities of species in each cluster were summarized on principal components. Four species (C. hispidus, N. floridana, P. attwateri, and P. leucopus) occupied barren or rocky areas with a tall herbaceous or woody canopy, and 6 species (C. parva, M. ochrogaster, P. maniculatus, R. fulvescens, R. montanus, and S. hispidus) preferred open grassy areas. Weighted discriminant analysis produced better predictive accuracy (75% correctly classified) than the unweighted data (63% correctly classified). Total number of broadleaf trees and rocky ground cover were the most important factors in discriminating among groups.
Small mammal and bird microhabitat affinities have been used extensively as components of models to determine a range of ecological relationships. Kaufman et al. (1995) assessed temporal abundance of Peromyscus leucopus using data for production of seeds, fruits, and nuts by woody plants ,1 m in height. Combinations of a vertical foliage profile, ground cover, and soil characteristics have been used to differentiate between microhabitats of forest small mammal species (Dueser and Shugart 1978; Seagle 1985) . Others have evaluated the correlation of small mammal abundance with habitat type (Geir and Best 1980; Heske et al. 1997; Kirsch 1997) . Overall significant differences in habitat use among sympatric species of small mammals were demonstrated using discriminantfunction analysis (Morrison and Anthony 1988; Seagle 1985) . Small mammals that share microhabitat affinities were grouped into assemblages based on the degree of overlap in microhabitat use (Heske et al. 1997; Seagle 1985) . Similar habitatcharacterization studies were performed on avian communities (Pogue and Schnell 1994) .
Successful wildlife models should be based on biologically realistic (valid) functions that are somewhat general and simple (Van Horne and Wiens 1991) . This leads to accurate, adaptable, and most importantly, usable models. To generate models using these criteria there must be tradeoffs. Most wildlife models meet 2 of these criteria-validity and simplicity. However, the majority cannot meet the generality criterion, that of being applicable to a wide range of situations, without major modifications (Van Horne and Wiens 1991) .
Generality can be achieved in 3 ways: expanding the model coverage from single species to sets of ecologically similar species; increasing the size of the area or geographic region in which a model is used; and broadening the range of cover types to which a model applies in a given region (Van Horne and Wiens 1991) . Increasing the geographic area in which a model is employed within a landscape has a similar effect to using sets of ecologically similar species in that landscape. As an area increases from ecotope to land facet to land system to landscape, a model becomes more general; concomitantly, a general model should maintain its efficiency at each scale (Naveh and Lieberman 1994; Zonnveld 1979) . New species are added at each scale and suites of species exist at the landscape level.
After increasing the size of the area modeled or broadening cover types within a region, model efficiency is limited by size and composition (complexity) of the specific landscape in question. As models are extended in coverage across landscapes, predictions of wildlife habitat relations are less specific and, therefore, less efficient (Layman and Barrett 1986) . Models across single landscapes can be efficient and general at large scales by increasing model coverage to include sets of ecologically similar species. These models can then be modified for additional landscapes by including new sets of species based on current landscape variables.
Development of single-species models is time-and laborintensive (Verner 1983 (Verner , 1984 . The need to modify singlespecies models for each new landscape exacerbates this problem. Our purpose was to contribute to the development of general wildlife habitat models that predict presence and distribution of small mammals across a landscape. After clustering small mammal species into ecologically similar assemblages based on microhabitat affinities, we developed predictive models that indicate the composition of the small mammal fauna in this landscape. These models give us the potential to predict the effects of habitat perturbations that alter microhabitats, on small mammal distributions.
MATERIALS AND METHODS
Study area.-This study took place on the 38,000-ha Fort Sill Military Reservation located in Comanche County in southwestern Oklahoma (348389-348459N, 988449-988169W). The reservation is bordered on the northwest by the Wichita Mountains Wildlife Refuge and on the south by the city of Lawton. Several small towns are scattered near the reservation boundaries. Fort Sill extends 37 km along an east-west axis and 13 km at its widest point along a north-south axis.
Fort Sill is in the Osage Plains section of the Central Lowlands physiographic province (Hunt 1974) . The eastern, southcentral, and western portions of the Reservation are primarily rolling upland plains of low relief. The northcentral and northwest sections of the Reservation include the southern portion of the Wichita Mountains. This area contains steep, rocky hills and moderate relief (F. L. Johnson et al., in litt.) . Many streams are interspersed throughout Fort Sill with most flowing to the south or southeast.
The following land-cover types are typical on Fort Sill: bottomland forest, located close to perennial drainages on deep soils and dominated by sugarberry (Celtis laevigata) or American elm (Ulmus americana); cross timbers, a somewhat open canopied low forest in uplands and along intermittent streams composed primarily of post oak (Quercus stellata) and blackjack oak (Q. marilandica); mesquite savanna, composed of mixed grasses and mesquite trees (Prosopis glandulosa); grasslands, consisting of short, mixed, and tall grasses; oak savanna, composed of scattered trees (Q. marilandica and Q. stellata) in mixed grasses; and riparian vegetation, located close to ponds and drainages and influenced by saturated soils.
Sampling techniques.-We sampled 60 plots on Fort Sill in late May and early June of each year from 1989-1992 for small mammals (a total of 24,000 trap nights). To ensure objectivity and representative coverage in the placement of these plots, we used a stratified-random procedure to select the sites. This procedure incorporated SPOT (System Probatoire pour l' Observation de la Terra) satellite imagery, digital soil surveys, and the geographic information system GRASS (Geographic Resource Analysis Support System-CERL 1989). Sampling was stratified on the basis of soils and land cover types as estimated from satellite imagery; within strata, appropriate numbers of 1, 5, 10, 15, and 20) , 15 m to each side of and parallel to the long axis of each plot for a total of 50 traps at each site (Tazik et al. 1992) . We spaced trap stations 7.5 m apart in each line and baited traps with a mixture of rolled oats and peanut butter. Animals that were collected were skinned and prepared as museum specimens, then deposited in the Sam Noble Oklahoma Museum of Natural History at the University of Oklahoma.
Vegetative, soil, and topographical data were collected at each plot by Army Land Condition Trend Analysis crews in 1989 and 1990. Ground cover was sampled at 100 points along a line transect through the center of each plot beginning at the 0.5 m point and continuing at 1 m intervals. Microhabitat variables indicating vertical structure and vegetation type (annual or perennial grasses and broadleaf trees) were recorded at 500 locations at 0.25-m intervals along this line transect (for details see Tazik et al. 1992 ). We used mammal-survey data and microhabitat data collected at each plot in various statistical analyses to provide general descriptive associations between mammal species and the habitats they used.
Initially, we included 29 microhabitat variables in a multivariate analysis (Table 1) . These variables are primarily indicators of vertical structure, cover type, and cover extent for each plot (Tazic et al. 1992) . As indicated in the results, 10 of these microhabitat variables were dropped from subsequent analyses because they did not have significant loadings in the 1st principal components analysis.
We calculated an unweighted average and an abundance-weighted average for each mammal species for each microhabitat variable. The unweighted microhabitat value for a mammal species was obtained by taking the average of the values for the plots where the species occurred, irrespective of the number that were captured.
The abundance-weighted variable average (W) for mammal species was calculated as:
i¼1 n ik v ij P 60 i¼1 n ik where n ik is the number of individuals of mammal species k captured on plot i, and v ij is the value of microhabitat variable j on plot i. The purpose of employing both unweighted and weighted averages was to determine whether weighting based on the abundance of individuals of each mammal species would increase the predictive accuracy of our models over the use of presence or absence data.
Principal components analysis.-Initially, we used the 29 microhabitat variables in a principal components analysis (PCA) to characterize general trends along vegetation gradients based on a rectangular data matrix of 60 sample plots by habitat variables. We mean-centered this raw data set and calculated correlations among variables (Morrison et al. 1992) . Standardized data (variables with a mean of 0 and SD of 1) were then projected onto eigenvectors extracted from the correlation matrix. In such an analysis, the 1st principal component explains the maximum character variance, and each subsequent orthogonal component explains the maximum remaining character variance.
To reduce the number of variables, we performed parallel analysis (Franklin et al. 1995) to determine the number of significant principal (Table 1) . We then created 2 rectangular matrices of mammal species by weighted and unweighted microhabitat variable averages to be used in 2 separate PCAs. Projections of species onto principal component axes provides a way of representing microhabitat affinities of each species. All PCAs were performed using the ordination programs in NTSYS-pc (Rohlf 1993 ). Cluster analysis.-We subjected the resulting data sets (10 mammal species by 19 microhabitat variables) to cluster analysis using UPGMA (unweighted pair group method with arithmetic mean -Rohlf 1963; Sneath and Sokal 1973) to create taxonomic assemblages (Jaksi c 1981; Van Horne and Wiens 1991) containing species with similar microhabitat affinities. We clustered both weighted and unweighted matrices. A distance matrix (average taxonomic distance) was calculated to determine similarities among the species. The UPGMA algorithm computes the average dissimilarity of a candidate species or cluster to an extant cluster, weighting each species equally (Sneath and Sokal 1973) . The cophenetic correlation coefficient was calculated for the resulting dendrograms, providing an index as to how well the diagram summarizes the pairwise distances among species.
Niche overlap.-We evaluated niche overlap relative to a local habitat gradient represented by principal component I. This habitat gradient was subdivided into 10 equal intervals, and we determined the number of plots with projections in each interval: 1) À1.938 to À1.6916; 2) À1.6915 to À1.4452; 3) À1.4451 to À1.1988; 4) À1.1987 to À0.9524; 5) À0.9523 to À0.7060; 6) À0.7059 to À0.4596; 7) À0.4595 to À0.2132; 8) À0.2131 to 0.0332; 9) 0.0333 to 0.2796; 10) 0.2797 to 0.5260.
Niche overlap was evaluated using the simplified Morisita index (M-Krebs 1989) as proposed by Horn (1966) . Morisita's measure of niche overlap ranges from 0.0 (no resources in common) to 1.0 (complete overlap). We employed a Monte Carlo simulation to evaluate the degree to which the resulting coefficient (M) differed statistically from values expected by chance alone (Pogue and Schnell 1994) . We distributed the 60 sample plots among the 10 resource states with the same frequencies of the actual plots and randomly drew (without replacement) the number of plots for species j and the number of plots for species k. We then calculated the simplified Morisita index for the randomly drawn plots. This simulated value of the index was compared to the actual value calculated from the sample plots to determine if the simulated value was less than, greater than, or equal to the actual value. The simulation was repeated 1,000 times, and we calculated the 2-tailed probability that the sample value deviated from what was expected by chance alone based on the number of index values less than, greater than, or equal to the actual sample value. Discriminant analysis.-We used stepwise discriminant analysis (Morrison et al. 1992 ) to derive linear combinations of the habitat variables that would maximally discriminate among the taxonomic assemblages. Stepwise discriminant analysis selects habitat variables that exhibit high variation among taxonomic assemblages and low variation within taxonomic assemblages. We used forward-stepping discriminant analysis with the F-to-enter set at 4.0. Discriminantfunction analysis assigns a weighted score to each observation based on the set of independent variables for that observation. We derived classification functions to assign each individual observation to a specific taxonomic assemblage. Each individual had an equal probability of being assigned to any taxonomic assemblage (i.e., we did not, a priori, bias the possibility of a particular plot being assigned to or categorized as a particular taxonomic assemblage).
The discriminant analysis was calculated for all taxonomic assemblage members, and each individual observation was assigned to the appropriate taxonomic assemblage depending on the resulting classification-function value. We also used a jackknifed classification, which leaves out the individual plot being considered when calculating the coefficients of the discriminant functions, and then evaluates the plot (see SPSS 1997).
We performed discriminant analysis on both abundance weighted and unweighted data for clusters containing the 2 most abundant taxonomic assemblages and for clusters of all taxonomic assemblages (4 total). Sample plots using canonical scores derived from discriminant analysis were projected onto the resulting canonical axes. Discriminant analyses were performed using SYSTAT 7.0 (SPSS 1997).
RESULTS
We captured 1,146 small mammals representing 15 species during the study (Table 2) , with the 3 most abundant species being Sigmodon hispidus (hispid cotton rat, 39.0%), Peromyscus leucopus (white-footed mouse, 21.7%), and P. maniculatus (deer mouse, 16.9%). The remaining 12 species made up 22.4% of the total captures (with no single species accounting for greater than 8.0% of the total). Our analyses included only those species in which 10 or more individuals were collected.
Principal components analysis.-The first 3 components in the PCA of sample plots explained 53.9% of the total variance in microhabitat variables (Table 3 ). Parallel analysis of this PCA yields 3 significant components (I-III) and a significant loading level of .0.52. Ten habitat variables did not have significant loadings on any of the 3 significant components and were dropped from further analysis.
Projections and character loadings (Table 3 ; Fig. 1 ) indicate that component I represents a gradient from tall broadleaf trees (areas with a canopy) to open areas (no canopy). Component II is a gradient of sites that are barren and rocky with steep slopes, to relatively flat plots with deeper soils and heavy cover. Component III is a gradient of plots with a high density of perennial grasses to those with mixed perennial and annual grasses (Fig. 1) .
Principal components analysis of the data matrix of 19 variables for unweighted species averages produced 2 significant components (i.e., loadings .0.58). The 1st component explained 65.7% of the variance in the data set and the 2nd component 26.1% (Table 4) . Component I represents a gradient of steeply sloped, barren or rocky areas with intermediate to tall woody and herbaceous plants (low canopy) to areas containing perennial and annual grasses (open, no canopy). Character loadings on component II indicate a gradient from plots with perennial cover to those with annual cover (Fig. 2a) .
Species projections onto component I (Fig. 2a) show that 6 species (C. parva, M. ochrogaster, P. maniculatus, R. fulvescens, R. montanus, and S. hispidus) are found in relatively open areas (i.e., positive loadings) and 4 species (C. hispidus, N. floridana, P. attwateri, and P. leucopus) frequented bare areas with a canopy (i.e., negative loadings). Projections of 6 species (C. hispidus, C. parva, P. leucopus, P. maniculatus, R. fulvescens, and S. hispidus) onto component II are near the middle of the axis (À0.183 to 0.125). Two species are found on opposite ends of the axis, suggesting an affinity for annual cover (i.e., positive loading-P. attwateri) or perennial cover (i.e., negative loading-N. floridana).
For principal components analysis of the weighted microhabitat variables by mammal species we retained the first 2 components and significant character loadings were .0.58. Component I explained 70.3% of the variance, and component II explained 19.8% (Table 4) . Component I represents a gradient of steep-sloped, barren, and rocky areas with intermediate to tall (.1.5 m) woody and/or herbaceous cover (canopy) to sites that are open (no canopy) and have deeper soils. Component II represents a gradient of plots from those with annual cover to those with heavy perennial cover. Projections of species onto these 2 components (Fig. 2b) yielded results similar to the unweighted species projections (Fig. 2a) .
Cluster analysis.-Cluster analysis of the standardized unweighted data matrix produced a UPGMA phenogram depicting species similarity based on 19 microhabitat variables. Four clusters (taxonomic assemblages) are defined at a distance of 0.9 (Fig. 3a) . The 1st taxonomic assemblage consists of C. parva, M. ochrogaster, P. maniculatus, R. fulvescens, and S. hispidus, and the 2nd included C. hispidus, P. leucopus, and R. montanus. Taxonomic assemblages 3 and 4 have only 1 species each, P. attwateri and N. floridana, respectively.
Cluster analysis of the weighted data matrix produced 4 taxonomic assemblages (Fig. 3b) . They have the same group membership as obtained with the unweighted clustering, although distances differ slightly.
Niche overlap.-Niche overlap values using the simplified Morisita's index ranged from 0.296 for overlap between N. floridana and R. montanus to 0.997 between C. parva and both P. maniculatus and R. fulvescens (Table 5) . When sampling without replacement, the expected overlap values are higher for species where 1 or both were captured at a relatively large number of plots (Pogue and Schnell 1994) . Expected niche overlap values range from 0.847 for C. parvus and N. floridana to 0.970 for S. hispidus and P. maniculatus.
Relatively low significant overlap values (Table 5 ) indicate less overlap than predicted based on chance alone, and relatively high significant overlap values indicate more overlap. N. floridana shows significant deviations, or low overlap, when compared to all other species. In addition, the overlap of R. fulvescens and P. attwateri was less than expected by chance. All 5 species in taxonomic assemblage 1 (C. parva, M. ochrogaster, P. maniculatus, R. fulvescens, and S. hispidus) have significant positive overlap with each other. Chaetodipus hispidus (taxonomic assemblage 2) has significant positive overlap with M. ochrogaster, R. fulvescens, and S. hispidus, all of which are in taxonomic assemblage 1.
Discriminant analysis.-In the unweighted discriminant analysis, 83% of taxonomic assemblage 1 species were classified correctly, but only 28% of taxonomic assemblage 2 species were placed correctly using the classification functions. For taxonomic assemblage 3, 63% were correctly classified, but only 43% of taxonomic assemblage 4 were assigned correctly (Table 6 , Fig. 4 ). Corrected jackknifed classifications were lower for taxonomic assemblage 3 and taxonomic assemblage 4.
The weighted analysis produced better classification results, although it did require more predictive variables (Table 6 ). For taxonomic assemblage 1, 86% were correctly classified, as were 53% of the taxonomic assemblage 2 species (Table 6 ; Fig.  4) . We also had slightly better classification success for taxonomic assemblage 3 and taxonomic assemblage 4 using the weighted data (67 and 45%, respectively). Corrected jackknifed classifications were lower for taxonomic assemblage 4.
We then eliminated taxonomic assemblage 3 and taxonomic assemblage 4, each of which had relatively small sample size and included only a single species each, to increase the accuracy of our model. Total classification accuracy increased in both the unweighted and weighted analysis (Table 6 ). In addition, the number of variables entered into the classification decreased in both models (Table 7) .
DISCUSSION
Our study indicates the presence of 2 distinct taxonomic assemblages of small mammals on Fort Sill based on microhabitat variables. These taxonomic assemblages represent 8 of the 10 species considered in the analyses. Canopy cover, or vertical openness, and ground cover are the main microhabitat factors contributing to the separation of these groups. Microhabitat affinities of the constituent species of each assemblage are well supported in the literature (Baker 1968; Barry and Franq 1980; Blair 1954; Choate 1970; Davis and Joeris 1945; Glass and Halloran 1961; Goertz 1962 Goertz , 1963 Kaufman and Fleharty 1974; Kaufman et al. 1983 Kaufman et al. , 1995 Schnell et al. 1980) . In Oklahoma, the species in taxonomic assemblage 1 are found in open areas with moderate to heavy grass cover (Caire et al. 1989; Schnell et al. 1980) . Member species of taxonomic assemblage 2 prefer some type of woody canopy and less dense or barren ground cover (Caire et al. 1989 , Kaufman et al. 1983 Schnell et al. 1980) . These microhabitat affinities are not necessarily represented across the entire range of broadly distributed species, such as P. maniculatus (taxonomic assemblage 1). In the eastern portion of its range (Hall 1981) , 2 distinct subspecies of P. maniculatus are found. P. maniculatus bairdii inhabits grassy areas, and P. maniculatus nubiterrae frequents coniferous and mixed evergreen-deciduous forests (Choate et al. 1994; Garman et al. 1994; Graves et al. 1988 ). This represents a change in microhabitat affinity for this species. However, P. leucopus, the most abundant species in taxonomic assemblage 2, prefers canopied areas in all portions of its range, including insular situations (Barry and Franq 1980; Bendell 1961; Garman et al. 1994; Kirsch 1997; M'Closkey 1975) .
All members of taxonomic assemblage 1 have significant intra-assemblage niche overlap values (Table 5) , indicating a strong microhabitat relationship among these species. Significant interassemblage niche overlap (positive) occurs between taxonomic assemblage 2 member C. hispidus and taxonomic assemblage 1 members M. ochrogaster, R. fulvescens, and S. hispidus. This overlap might be due to the preference of C. hispidus for sites with more ground cover than is the case for the other 2 members of taxonomic assemblage 2. In the weighted cluster analysis, these 3 taxonomic assemblage 1 members are the last to enter the taxonomic assemblage 1 cluster (Fig. 3b) . For weighted and unweighted data sets, clustering produced identical taxonomic assemblage membership. Individual relationships within the assemblages differ somewhat. These differences are made apparent by discriminant analysis. The unweighted discriminant analysis model is very accurate when classifying taxonomic assemblage 1 membership (83%), but is not satisfactory (28%) when assigning taxonomic assemblage 2 membership (Table 6 ). This is due to the high number of shared plots (38) between taxonomic assemblage 2 and taxonomic assemblage 1 members. The overall correct classification is 63%. Abundance weighting increases the accuracy of the classification of taxonomic assemblage 1 to 86% and taxonomic assemblage 2 to 53%. Total classification accuracy improves to 75% with abundance weighting. Classification accuracy of assemblages using abundance weighting is greater when compared to studies that use habitat variables to classify single species Anthony 1988, Pogue and Schnell 1994) .
Elimination of taxonomic assemblage 3 and taxonomic assemblage 4 (single-species taxonomic assemblages) increases both weighted and unweighted model accuracy and decreases the number of variables necessary to be entered into the model. The unweighted 2-taxonomic assemblage model uses 2 variables and attains an overall accuracy of 72% (82% for taxonomic assemblage 1 and 53% for taxonomic assemblage 2). The weighted 2-taxonomic assemblage model uses 6 variables and correctly classifies species 83% of the time (87% for taxonomic assemblage 1 and 73% for taxonomic assemblage 2). Of the 4 separate models, 3 use the variables total count broadleaf trees and ground cover rock (number of points with rocks) as the top 2 predictive variables (Table 7) . These variables are indicators of aerial and ground cover. In addition to total count broadleaf trees, the unweighted 2-taxonomic assemblage model uses ground cover litter (number of points with litter), which also is an indicator of ground cover.
Although the unweighted analysis produced similar results to the weighted analysis, it was less efficient in correctly classifying taxonomic assemblage membership. Unweighted data indicate only the presence or absence of a species in a particular plot. Many of the plots occur in or near habitat transitions. Habitat adjacent to these sites might act as either a source or a sink for species captured at these transitional plots (Heske et al. 1997) . These data might include captures of individuals from population sinks, particularly for those plots where a small number of individuals were collected over the course of the study (Dunning et al. 1992) . Abundance weighting increases the accuracy of models by differentiating between sources and sinks. Microhabitat variables at sites with an abundance of individuals contribute more to the model than sites with low numbers of individuals. The abundance-weighted data are informative because they more accurately indicate species preferences and perhaps sources of species dispersal.
Transitional plots also negatively influence a model due to the number of inter-assemblage shared plots. Peromyscus maniculatus and P. leucopus co-occur in 31 plots, and 27 plots are shared by P. leucopus and S. hispidus. These common occurrences might represent an affinity for edge by P. leucopus (Iverson et al. 1967; Van Deusen and Kaufman 1977) . In almost all instances (29 of 32), P. leucopus is found in grassland habitat. Grasslands might represent foraging areas (Stancampiano and Caire 1995), dispersal routes, or sinks for P. leucopus. Abundance weighting increases model accuracy and helps to compensate for this large amount of habitat overlap among taxonomic assemblages. Researchers could develop and use either model (presence-absence or abundance) depending on the level of accuracy desired in their predictions and/or time and funding limitations.
These models indicate the potential for 1 or many species to be found in a given area based on microhabitat. They also extend model coverage from species to sets of ecologically similar species and use a broad range of applicable cover types, which expands model generality and makes them more useful (Van Horne and Wiens 1991) . Factors such as trapability, source-sink dynamics, and recent climactic conditions influence capture rates and can account for temporary vacancies of certain species from certain predicted areas. 
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